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Abstract: Online-to-offline (O2O) commerce is a specific form of omnichannel retailing, wherein 

consumers search and purchase online and then consume offline. There are many different O2O 

models, and new O2O businesses are emerging during the COVID-19 pandemic; they can be cate-

gorized into two types of O2O services: to-shop and to-home. However, few studies have focused 

on consumer behavior in a comprehensive O2O scenario, and no study has attempted to compare 

the differences between to-shop and to-home consumers. Therefore, this study aimed to propose a 

universal model to predict consumers’ continued intention to use O2O services and to compare the 

differences between to-shop and to-home O2O in terms of factors influencing consumer behavior. 

A cross-sectional survey was conducted, and the PLS-SEM was used for data analysis. The basic 

SEM results indicated that habit, performance expectancy, confirmation, and offline facilitating con-

ditions are the main predictors. The multigroup analysis showed differences between to-shop and 

to-home consumers regarding hedonic motivation, price value, and perceived risk. The study sug-

gests that marketers and designers in various O2O scenarios can use the framework to build their 

business plans and develop different marketing strategies or sub-platforms for to-shop and to-home 

consumers. 

Keywords: O2O commerce; online-to-offline; omni-channel retail; consumer behavior; UTAUT2; 

ECM; multigroup analysis 

 

1. Introduction 

With digital technologies, mobile devices, and social media development, omnichan-

nel strategies linking online and offline channels have become quite common in the retail 

industry. Multichannel is one of the first strategies retailers adopt in response to changes 

in the retail mix, wherein retailers encourage consumers to shop in multiple channels and 

decide whether to add new channels to the existing channel mix [1–3]. In multichannel 

retail, channels may be separated and compete with each other, and therefore channel 

integration is limited. As digitization continues and channels increase, multichannel re-

tailing is moving to omnichannel retailing. Omnichannel is a popular strategy or tech-

nique that allows consumers to use multiple sales channels to make a single transaction, 

providing real-time, seamless, consistent, and personalized customer experience by chan-

nel integration [4–6]. Compared with the multichannel phase, omnichannel involves more 

channels, but the different channels become blurred as the natural borders between chan-

nels begin to disappear [7]. Online-to-offline (O2O) commerce is a specific form of omni-

channel retailing, which emphasizes utilizing the online channel to drive offline sales 

[4,8,9]. In O2O commerce, consumers make purchases online and then consume offline. 

Specifically, they typically use mobile devices to search and buy nearby products or ser-

vices and then pick up orders or consume them at offline places. 
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O2O commerce can be defined as a business model that seamlessly connects online 

channels with offline brick-and-mortar stores via various mobile Internet devices. O2O 

commerce is regarded as an upgrade and expansion of traditional e-commerce, such as 

business-to-consumer (B2C) commerce. Unlike traditional e-commerce business models, 

O2O commerce is location-based and focuses on local retail and service industries [10]. 

The concept of O2O began with group-buying in service industries such as catering, tour-

ism, and entertainment [11]. Subsequently, it was extended to tangible products in the 

retail sector, with many local retailers beginning to use O2O platforms to find customers. 

During the COVID-19 pandemic, many traditional offline retailers tried to enter the O2O 

market or integrate channels, providing O2O services to attract consumers [12]. Nowa-

days, O2O commerce has played a significant role in various consumer life scenarios [13]. 

With the innovation of business models and the popularity of omnichannel retailing, 

consumer behavior has become increasingly complex. Channel-switching behaviors such 

as “showrooming” and “webrooming” are typical phenomena in the retail market [1,7]. 

Showrooming refers to consumers researching products offline but buying them online, 

while webrooming is the opposite [7]. In addition, omnichannel businesses are plagued 

by problems of “free-riding,” for example, consumers switching among retailers when 

moving across channels [14]. O2O commerce, trying to integrate online and offline chan-

nels, is considered one of the effective solutions to these problems [11]. While O2O com-

merce is promising, the understanding of this business model is limited. Consumer be-

havior has long been a question of great interest in the field of e-commerce and marketing, 

which is true in the O2O literature. This study focuses on consumers’ O2O behavior (i.e., 

continued intention to use O2O services) and is expected to provide insights into O2O 

literature and its practice. 

Since its emergence, O2O commerce has been admired by numerous businesses, es-

pecially those small- and medium-sized enterprises that lack funds for omnichannel pro-

motion [15]. Local brick-and-mortar stores can use the O2O platforms to expand the geo-

graphic scope of their business, increase market visibility, and attract more consumers to 

improve their profitability [12]. More and more companies are starting to provide O2O 

services. Even ByteDance has started to enter the O2O market in China by using Douyin 

(TikTok), a popular social media, as an O2O platform. Although O2O commerce has been 

demonstrated to be a successful business model, its intensity and sustainability remain 

open questions [10]. Recently, numerous O2O-related startups or platforms have termi-

nated their businesses, and one of the reasons is that they lack an understanding of con-

sumer behavior [15]. Consumers’ continued use of O2O services is crucial to the survival 

of the businesses involved. Therefore, it is necessary to study the factors determining con-

sumers’ intention to continue using O2O services. However, related works are limited to 

date, as O2O commerce is an emerging business model. 

O2O commerce covers a wide range of local businesses. Previous studies have only 

involved a single scenario, with the most widely discussed being O2O food delivery 

[13,16–19]. However, O2O services exist not only in the food industry but also in other 

local retail and service sectors, such as beauty [20], furniture [21], and hotels [22]. Business 

models are changing due to technological advancements [4], allowing numerous new 

O2O scenarios to emerge. Since there is no universal model to understand consumer be-

havior in a general O2O context, stakeholders may not know which theory or model can 

help them develop market strategies when new O2O scenarios emerge. Although O2O 

scenarios are diverse and are still being updated, their essence is the same: the online-to-

offline channel integration [10]. Thus, the development of a universal model for predicting 

consumers’ O2O behavior is of both theoretical and practical significance. 

There are two segments in the O2O market: “to-shop” and “to-home” [23,24]. To-

shop O2O refers to paying or booking online but consuming in-store. In this model, con-

sumers can utilize location-based technologies to easily find and enter targeted brick-and-

mortar stores to pick up orders or experience services. A business model called “buy 

online and pick up in store” [25] is one of the types of to-shop O2O. By contrast, to-home 
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O2O generally refers to consumers receiving products or services at their homes or work-

places utilizing instant home delivery service. The food delivery service is the most visible 

example of to-home O2O, e.g., [13,16,17]. Factors influencing consumer behavior may be 

different between to-shop and to-home O2O. This market segmentation is apparent. How-

ever, no previous study has investigated the differences between these two models in a 

general O2O context. Although Wang et al. [26] and Yang et al. [13] have discussed the 

differences between food in-store and food delivery services in the food O2O context, 

there is no evidence that these differences are significant or that these findings apply to 

other O2O scenarios. 

Given the above-mentioned literature gaps, this study aims to propose a universal 

model to predict consumers’ continued intention to use O2O services and to compare the 

differences between to-shop and to-home O2O in terms of factors influencing consumer 

behavior. The importance and originality of this study are in the exploration of the differ-

ences between to-shop and to-home models in a general O2O context. 

2. Literature Review 

2.1. Theories and Models 

Different theories and models exist in the literature regarding consumer behavior. 

Traditional models of consumer behavior were developed in the 1960s and 1970s, such as 

Howard and Sheth [27] and Fishbein and Ajzen [28]. After the rise of e-commerce, re-

searchers considered that consumer online behavior is different from offline behavior and, 

as a consequence, requires new theories or models [29]. Since e-commerce is often treated 

as innovative information systems by consumers [30], information technology literature 

based on social psychology theories is relevant to understanding consumers’ behavior re-

lated to e-commerce [31]. Haryanti and Subriadi [32] have shown that many technology 

acceptance and usage theories have been extensively used in the e-commerce literature. 

More recently, the emergence of O2O commerce seemed to complicate the situation be-

cause it involved online and offline channels. Nevertheless, previous theories or models 

have been applied to study consumer behavior in O2O commerce, as shown in Table 1. 

Table 1. Theories and models in O2O literature. 

Theory and Model Article Count 

Technology acceptance model (TAM) [33,34] [11,17,21,35–41] 10 

General service quality theories  

(e.g., SERVQUAL [42]) 
[22,43–51] 10 

Expectation confirmation theory (ECT) [52]  

and expectation confirmation model (ECM) [53] 
[45,54–57] 5 

General value theories/models  

(e.g., consumer perceived value [58]) 
[11,22,56,59,60] 5 

Information systems success model (ISSM) [61,62] [35,59,63] 3 

Elaboration likelihood model (ELM) [64] [37,65] 2 

Diffusion of innovations theory (DIT) [66] [17,18] 2 

The extended unified theory of acceptance and use of 

technology (UTAUT2) [67] 
[16,68] 2 

Theory of planned behavior (TPB) [69] [38,41] 2 

According to a thematic review of factors influencing consumer behavior in O2O 

commerce, UTAUT2 was the theory matching the most themes [10]. However, few studies 

have used UTAUT2 to predict consumers’ O2O behavior, except for Agarwal and Sahu 

[16] and Lee et al. [68] applying it to the O2O food delivery context. In addition, Venkatesh 

et al. [70], the founders of UTAUT2, suggested that researchers should make necessary 

adaptations and omit irrelevant constructs based on specific contexts rather than have the 
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urge to replicate all the elements in UTAUT2. Regarding explaining consumers’ continued 

intention, ECT/ECM was the most popular theory/model in O2O literature. Researchers 

often tended to adopt new constructs outside the theory to predict consumers’ intention 

to continue using O2O services, e.g., [55,57], indicating that the original theory was insuf-

ficient to address the research question. In fact, ECT/ECM was generally used as a sup-

porting theory to explain the effects of confirmation and satisfaction. 

2.2. Continued Intention 

Information system continuance at the consumer level is central to the survival of 

many businesses in various e-commerce markets [53], because acquiring new customers 

may cost as much as five times more than retaining existing ones [30]. Continued intention 

in the O2O context refers to a consumer’s intention to continue using an O2O service (e.g., 

to-shop or to-home service) to purchase products and services, which is similar to the term 

repurchase intention or reuse intention. According to Bhattacherjee [53], both continued 

use and repurchase decisions follow an initial acceptance or purchase decision. They are 

influenced by the initial experience and can potentially lead to an ex-post reversal of the 

initial decision. Satisfied consumers continue using an information system service or re-

purchase the same product, while dissatisfied ones discontinue using them or switch to 

alternative products [31,52,53]. 

Recently, the continued intention has been studied in many different innovation con-

texts, such as online social networks [71], mobile food delivery applications [72], mobile 

payment [73], etc. In O2O literature, some studies investigated continued intention in the 

context of O2O food delivery [43,51,68], O2O tourism [22,57]), and community O2O [41], 

while others did not mention specific O2O scenarios. Most studies did not highlight 

whether they were in a to-shop or to-home context. However, consumers’ information 

technology use behaviors may vary by context. Previous studies have not shown that their 

findings apply to other O2O scenarios. 

2.3. Factors Influencing Continued Intention 

According to ECT [52] or ECM [53], satisfaction is the primary determinant of con-

sumers’ continued use of a particular service or information system. The connection be-

tween consumer satisfaction and continued intention has been broadly discussed. For ex-

ample, Lin et al. [74] showed that satisfaction is a crucial determinant of consumers’ con-

tinued intention on social networking sites; Shang and Wu [75] further showed that con-

tinuance intention would cause a purchase only if mobile shopping satisfied the consum-

ers’ needs. Studies in the O2O context have also provided additional support for that re-

lationship. Zhang and Kim [50] demonstrated that satisfaction is the factor that directly 

and solely determines consumers’ intention to reuse O2O food delivery services. Prassida 

et al. [22] revealed that online and offline satisfaction significantly positively affect con-

sumers’ continuance intention to use O2O services in tourism. Thus, the connection be-

tween satisfaction and continued intention has been firmly established in various con-

texts. Researchers should pay more attention to other factors that influence continued in-

tention. 

Although satisfaction is obviously a primary determinant of consumers’ continued 

intention, other factors also directly or indirectly affect it. Choi et al. [43] showed that 

online service quality (i.e., convenience, safety, and economy) and offline service quality 

(i.e., accuracy and speed) have significant direct and indirect effects on the reuse intention 

of an O2O delivery service. Hsu and Lin [55] illustrated the direct effects of perceived 

utilitarian value and perceived hedonic value on continuance intention to use O2O appli-

cations. Zhang [57] pointed out that ongoing trust determines consumers’ intention to 

continue using the tourism O2O platform. While these studies have contributed beneficial 

insights into O2O continuance, empirical research on this issue remains underexplored, 

as factors influencing consumers’ continued intention in the O2O context have been 

loosely theorized. 
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3. Research Framework and Hypotheses 

3.1. Theoretical Foundation 

3.1.1. UTAUT2 

UTAUT2 was developed by Venkatesh et al. [67], extending the technology ac-

ceptance and usage from the organizational context in the unified theory of acceptance 

and use of technology (UTAUT) [76] to the consumer context. Seven primary constructs 

in UTAUT2 (i.e., performance expectancy, effort expectancy, social influence, facilitating 

conditions, hedonic motivation, price value, and habit) are theorized to determine the be-

havioral intention of technology acceptance and usage. UTAUT2 has been broadly em-

ployed in various research contexts as a theoretical lens for researchers conducting empir-

ical studies of users’ behavioral intentions and behavior. The robustness of the UTAUT2 

relationship has been extensively empirically verified [77]. The comprehensive nature of 

the UTAUT2 is beneficial to better understand the consumers’ complex behaviors in O2O 

commerce. 

Nonetheless, Venkatesh et al. [70] suggested that researchers make necessary adap-

tations to UTAUT2 to fit specific contexts. Thus, this study adapted UTAUT2 to the re-

search context. First, the effort expectancy construct was omitted. This is because the cur-

rent study focused on consumers’ continued intention, and using an O2O service or app 

does not require much effort for experienced users. Tamilmani et al. [77] also cautioned 

against using effort expectancy in studies involving existing, experienced, or specialist 

technology users. In addition, effort expectancy may deter facilitating conditions’ predic-

tive ability on behavioral intention [76,77]. Second, the rest of the exogenous constructs 

were contextualized to apply to the context of O2O commerce (see Section 3.2). 

3.1.2. ECM 

The ECM developed by Bhattacherjee [53] is usually used to study information sys-

tem continuance. ECM posits that consumers’ intention to continue using a particular in-

formation system depends on three variables: consumers’ post-adoption perceived use-

fulness, confirmation of prior expectations, and satisfaction with the system. The ECM can 

explain the formation process of consumers’ continued intention in O2O commerce. First, 

consumers assess product quality, service quality, and online content reliability based on 

previous usage. Confirmation is then formed by comparing the assessment results with 

initial expectations. Finally, modified expectations (e.g., perceived usefulness) and confir-

mation jointly determine satisfaction. As mentioned earlier, satisfied consumers continue 

to use O2O services. 
Because the link between satisfaction and continued intention has been firmly estab-

lished, this study was interested in the direct effects of perceived usefulness and confir-

mation on continued intention rather than the indirect effect through satisfaction. The as-

sociation of perceived usefulness and continuance intention in ECM is similar to that of 

performance expectancy and behavioral intention in UTAUT2. Perceived usefulness or 

performance expectancy as one of the individual beliefs is considered a modified expec-

tation after an initial consumption experience, which can influence information system 

continuance usage [53]. The rest of the UTAUT2 components, other individual beliefs, can 

also be viewed as modified expectations to influence the consumers’ continued intention. 

Thus, ECM explains the applicability of UTAUT2 in the post-adoption stage. Furthermore, 

confirmation is expected to affect the consumers’ behavioral intention directly, as demon-

strated by Huang et al. [45]. In addition, previous studies [54,57] have shown that confir-

mation involves many aspects, such as product quality, service quality, and website 

(online content) confirmations. 

3.1.3. Perceived Risk 

A thematic review [10] pointed out eight groups of factors influencing consumers’ 

O2O behavior: (1) technical and utilitarian factors, (2) social factors, (3) emotional and 
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hedonic factors, (4) price and cost, (5) habit, (6) product and service quality, (7) online 

content, and (8) trust and risk. The UTAUT2 matches the first five themes, while the ECM 

captures three (i.e., technical and utilitarian factors, product and service quality, and 

online content). The remaining one is trust and risk. Trust and perceived risk are often 

correlated, and Chen et al. [35] illustrated that trust can reduce consumers’ perceived risk 

in the O2O context. In addition, the features of O2O commerce make it difficult for con-

sumers to claim refunds if they are unsatisfied with products or services after consump-

tion. As a result, consumers may perceive O2O commerce as riskier and be more cautious 

about using O2O services. Therefore, this study extended the research model by adding 

perceived risk as a feature factor to more comprehensively conceptualize consumer be-

havior in using O2O services. Perceived risk involves multiple dimensions, such as per-

formance risk, financial risk, psychological risk, etc. [78]. 

3.2. Hypotheses Development 

The hypotheses were developed based on the above theoretical foundations. The jus-

tifications for the proposed hypotheses are discussed in the following subsections. 

3.2.1. Performance Expectancy 

Performance expectancy (i.e., perceived usefulness) highlights the utilitarian aspect 

[76], which is the primary motivator of technology acceptance [53]. Performance expec-

tancy in this study is defined as the degree to which using O2O services will provide ben-

efits to consumers in performing certain purchase activities [67]. In O2O commerce, con-

sumers are more likely to have a positive attitude or intention toward using O2O services 

if they perceive that the technology or system will provide them with more benefits (e.g., 

time and effort savings) than traditional ways [11,17,21,37]. Although the usefulness–in-

tention association was usually found in acceptance contexts, it is likely to hold true in a 

continuance context because human tendencies to pursue instrumental behaviors subcon-

sciously are independent of the stage or timing of such behaviors [53]. In fact, perceived 

usefulness has been demonstrated to consistently influence users’ intention across tem-

poral stages of technology use [34,79]. This is evident in the case of O2O food delivery 

services usage [16,68]. Therefore, performance expectancy is an adequate predictor in the 

context of O2O continuance. The hypothesis is proposed as follows: 

H1. Performance expectancy (PE) positively affects consumers’ continued intention (CI) to use 

O2O services. 

3.2.2. Social Influence 

Social influence has always been important in influencing consumers to accept or 

reject mobile commerce. This is because consumers are likely to return to their social sys-

tem to access more information or to seek social approval for their decision to use the new 

technology [80]. Venkatesh et al. [67] defined social influence as “the extent to which con-

sumers perceive that important others believe they should use a particular technology,” 

which is similar to subjective norm [76]. In this study, social influence is considered to 

come not only from important others but also from the user community and society, as 

O2O services have social attributes. To illustrate, O2O consumers like to share their rele-

vant experiences with others in comment sections or on social media, which can enhance 

social approval and acceptance [35]. Thus, it can be defined as the influence that consum-

ers perceive from others and society on using O2O services. Consumer perceptions of so-

cial influence may change at the post-adoption stage, which in turn affects post-adoption 

attitude and continued intention [81]. Lee et al. [68] have confirmed that social influence 

significantly influences continued intention in an O2O food delivery context. Zhu et al. 

[41] provided further evidence regarding the positive influence of the subjective norm on 
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consumers’ continued intention to use the community O2O platform. Thus, the following 

hypothesis suggests that: 

H2. Social influence (SI) positively affects consumers’ continued intention (CI) to use O2O ser-

vices. 

3.2.3. Offline Facilitating Conditions 

With O2O commerce being popular, many aspects of online facilitating conditions, 

such as mobile Internet and mobile devices, will be readily available and fairly invariant 

across experienced consumers. In contrast, the offline facilitation in the environment that 

is available to each consumer can vary significantly across geographic locations, business 

settings, traffic conditions, etc. This study hence focuses on offline facilitating conditions 

in the O2O context. Offline facilitating conditions can be defined as consumers’ percep-

tions of available offline resources and support when they use O2O services [67]. It can be 

expected that consumers with access to a set of favorable facilitating conditions are more 

likely to have a higher intention to use a particular technology [67]. According to previous 

studies, facilitating conditions have a positive influence on continued intention in the 

post-adoption stage [76,81]. Alalwan [80] has also shown that facilitating conditions pos-

itively influence customers’ continued intention to use O2O food delivery services. There-

fore, the following hypothesis is proposed: 

H3. Offline facilitating conditions (OFC) positively affect consumers’ continued intention (CI) to 

use O2O services. 

3.2.4. Hedonic Motivation 

Hedonic motivation is regarded as the most important theoretical addition to 

UTAUT2 because it integrates the much-needed affective component into the cognitively 

oriented UTAUT [82]. Hedonic motivation can be expressed through intrinsic motivation 

(e.g., fun or pleasure) derived from using a new product, service, or technology, and such 

fun or pleasure can be related to the degree of innovation and novelty in using a new 

system [67,80]. In this study, hedonic motivation refers to the fun or pleasure derived from 

using O2O services to purchase [67]. According to Venkatesh et al. [67], hedonic motiva-

tion is one of the key factors contributing to the continued use of information technology. 

In the retail context, the emotional aspects are also important predictors of repurchasing 

[83]. Previous studies have shown that hedonic motivation positively influences contin-

ued intention to use O2O-related applications [55,80]. Accordingly, the hypothesis is pro-

posed as follows: 

H4. Hedonic motivation (HM) positively affects consumers’ continued intention (CI) to use O2O 

services. 

3.2.5. Price Value 

Venkatesh et al. [67] defined price value as “consumers’ cognitive tradeoff between 

the perceived benefits of the applications and the monetary cost for using them.” Pascual-

Miguel et al. [84] argued that the use of e-commerce itself does not imply a clear or specific 

cost and omitted the price value from the UTAUT2. However, price is a constant topic in 

marketing because it is regarded as one of the essential determinants of consumer behav-

ior [85]. Financial aspects indeed play an essential role in people’s lives [86–88]. Consum-

ers may like to compare the cost of purchasing through O2O with that through traditional 

ways. This suggests that considering price value as a predictor of consumers’ continued 

intention is necessary. Thus, this study retained the price value, which involves the cost 

of purchasing target products or services rather than that of using an O2O application. 

Venkatesh et al. [67] have demonstrated that price value plays an important role when 

predicting the continued use of information technology. In the O2O context, studies have 
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confirmed that price value or other price-related factors positively influences the contin-

ued use or reuse intention of O2O food delivery services [43,80]. Therefore, the following 

hypothesis is proposed: 

H5. Price value (PV) positively affects consumers’ continued intention (CI) to use O2O services. 

3.2.6. Habit 

Habit is defined as consumers’ tendency to use O2O services automatically [67]. As 

with hedonic motivation and price value, habit is also one of the key factors predicting 

information technology continuance [67]. A meta-analysis shows that the habit–intention 

path is the strongest one in the UTAUT2, except for the intention–behavior path [77]. The 

habit–intention relationship is based on the instant activation perspective [89] or stored 

intention view [67]. In short, previous repetitive behaviors form the habit, and a stronger 

habit will cause a stored intention that will in turn influence future behavior. Studies have 

illustrated that habit has a significant (positive) influence on consumers’ continued inten-

tion in O2O contexts [16,68,80]. It can be expected that consumers who form habitual be-

havior of using O2O services are more likely to have a higher intention to continue using 

them. Thus, the following hypothesis is proposed: 

H6. Habit (HA) positively affects consumers’ continued intention (CI) to use O2O services. 

3.2.7. Confirmation 

Confirmation is defined as the consumers’ perception of congruence between expec-

tation and actual performance [53], which is a judgment or evaluation made by consumers 

about a particular product or service. Studies have shown that confirmation involves mul-

tiple dimensions in the O2O context [54,57]. This study focused on product quality, service 

quality, and online content confirmations. In the offline reception or experience of O2O 

commerce, if consumers perceive that product quality, service quality, or online content 

reliability outperforms their previous expectations, positive confirmation is formed. Con-

versely, disconfirmation (i.e., negative confirmation) is formed. ECM proposed that posi-

tive confirmation can increase post-adoption/purchase satisfaction, which in turn influ-

ences continued use or repurchase. This study expected that confirmation would directly 

affect O2O consumers’ continued intention. Empirical studies provided support for the 

confirmation–intention relationship. For example, Huang et al. [45] have illustrated that 

offline confirmation positively influences O2O consumers’ patronage intention in the con-

text of tourism. Similarly, Che et al. [54] have shown the negative influence of disconfir-

mation on continued intention to use O2O websites. Therefore, the following hypothesis 

is proposed: 

H7. Confirmation (CO) positively affects consumers’ continued intention (CI) to use O2O ser-

vices. 

3.2.8. Perceived Risk 

This study incorporated perceived risk into the research model, given the potential 

uncertainty of the O2O commerce environment. Perceived risk is considered an uncer-

tainty regarding possible negative consequences of using a product or service [78]. It was 

defined by Peter and Ryan [90] as “the expectation of losses associated with purchase and 

acts as an inhibitor to purchase behavior.” This study focused on five dimensions of per-

ceived risk: performance, financial, time, psychological, and privacy risks [78]. Previous 

research has demonstrated the negative influence of perceived risk on consumers’ behav-

ioral intention to adopt e-commerce [91]. According to ECM, perceived risk, like other 

expectations, may change in the post-adoption/purchase stage, and the modified per-

ceived risk will in turn influence future behavior. Indeed, studies have shown that per-

ceived risk negatively influences consumers’ repurchase/reuse intention [92,93]. It might 
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be expected that consumers who perceive using O2O services as low-risk are more likely 

to continue using them. Accordingly, the following hypothesis suggests: 

H8. Perceived risk (PR) negatively affects consumers’ continued intention (CI) to use O2O ser-

vices. 

3.2.9. Differences between To-Shop and To-Home 

The present study aimed to compare the to-shop and to-home O2O models. This is 

because the two models are inherently different, and factors affecting consumers’ contin-

ued intention to use O2O services may work differently [10]. As there is a lack of support 

from the literature, this part of the study is exploratory. The to-shop and to-home models 

may differ in the following aspects. First, the consumers’ concerns about offline facilitat-

ing conditions may be different. For example, to-shop consumers may care more about 

traffic conditions than to-home consumers. Second, the perceived fun of to-shop consum-

ers may come offline, while that of to-home consumers may come online. Third, compared 

with the to-shop model, the to-home model involves the delivery service fee, which con-

sumers easily and directly perceive as a price-related factor. Fourth, the purchase process 

is different for the two models; thus, the perceived risk for to-shop and to-home consum-

ers may come from different aspects. Given these, hypotheses are proposed as follows: 

H9a. There is a difference between to-shop and to-home O2O consumers in terms of the relationship 

between offline facilitating conditions (OFC) and continued intention (CI) to use O2O services. 

H9b. There is a difference between to-shop and to-home O2O consumers in terms of the relation-

ship between hedonic motivation (HM) and continued intention (CI) to use O2O services. 

H9c. There is a difference between to-shop and to-home O2O consumers in terms of the relationship 

between price value (PV) and continued intention (CI) to use O2O services. 

H9d. There is a difference between to-shop and to-home O2O consumers in terms of the relation-

ship between perceived risk (PR) and continued intention (CI)to use O2O services. 

Based on the discussion, the research model of this study is proposed, as shown in 

Figure 1. 
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Figure 1. Proposed research model. 

4. Materials and Methods 

This study adopted a quantitative design with a cross-sectional survey approach. 

Survey research is one of the most extensively used approaches in the marketing literature 

[94], which allows researchers to conduct questionnaires on a sample group to describe 

trends or behaviors of a population. 

4.1. Sampling 

This study was conducted on China’s mainland because O2O commerce is popular 

there [10]. In addition, China’s to-shop and to-home O2O markets are both very mature 

[23,24]. Thus, the investigators could easily find respondents and ensure the sample rep-

resents the population relevant to the study. We chose a famous international tourist des-

tination as the research site. Although international travelers had difficulty entering the 

city during the COVID-19 pandemic, many domestic travelers still came to visit. Addi-

tionally, there are several universities located in the city. Significant human traffic makes 

the city’s local economy very developed, and O2O commerce is particularly popular be-

cause O2O focuses on local business. Therefore, the O2O consumers in this city as the 

population of the study are appropriate to examine people’s continued intention to use 

O2O services. 

The purposive (or judgmental) sampling technique was used in the present study, 

wherein respondents were selected based on appropriate characteristics as judged by in-

vestigators. Specifically, the inclusion criteria for respondents were that (1) they must be 

at least sixteen years old, (2) they must be Chinese citizens, and (3) they must be O2O 

consumers who have used any O2O service for at least six months. These criteria were 

designed to ensure the sample would provide information relevant to the study while 

minimizing sampling error [95]. We distributed questionnaires to respondents face-to-

face to collect data. The face-to-face approach could ensure questions are answered 
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thoroughly and provide explanations to respondents immediately when they are con-

fused, increasing the return rate.  

The survey was conducted on the premise of complete anonymity and voluntary par-

ticipation. At the beginning of the survey, respondents were asked whether they predom-

inantly used to-shop or to-home O2O services. Subsequently, they answered the remain-

ing questions based on this choice (i.e., to-shop or to-home). We divided the respondents 

into two groups based on the service type. Furthermore, for unknown or enormous pop-

ulation sizes, the sample size recommended by Krejcie and Morgan [96] is 384. Since one 

of the objectives of this study was to compare to-shop and to-home O2O consumers, it 

was necessary to increase the total sample size appropriately to ensure that each sub-sam-

ple size met the minimum requirements for data analysis. However, Sekaran and Bougie 

[97] argued that too large a sample size (larger than 500) could cause a problem, since 

researchers would then be prone to committing the type II error. Therefore, we finally 

selected 500 eligible responses after a series of data-cleaning procedures. Specifically, re-

sponses with suspicious response patterns (e.g., straight lining and diagonal lining) or 

excessively short response times were eliminated. Among the 500 respondents, 223 

claimed they primarily use to-shop O2O, while the remaining 277 were to-home O2O con-

sumers. The profile of the respondents is shown in Table 2. 

Table 2. The profile of respondents (N = 500). 

Field Category Frequency Percentage 

Gender Male 289 57.8% 

 Female 211 42.2% 

Age 16–22 175 35.0% 

 23–30 201 40.2% 

 31–40 102 20.4% 

 Over 40 22 4.4% 

Service type To-shop 223 44.6% 

 To-home 277 55.4% 

4.2. Measurement 

According to previous studies, the perceived risk and confirmation constructs are 

composed of multiple dimensions. In addition, formative measurements are suggested 

when the construct can be viewed as a combination of indicators [98]. Therefore, we de-

veloped formative scales to measure these two constructs based on previous studies (see 

Appendix A). The remaining constructs used reflective measurement, and all reflective 

scales of the study were adapted from existing literature (i.e., [67]). We recruited a panel 

of experts to evaluate the measurement instrument, and the result suggested that the con-

tent validity was acceptable. 

All constructs were measured using Likert scales, in which the ultimate endogenous 

construct (i.e., continued intention) was scored using a 7-point scale, and the remaining 

constructs were scored using 5-point scales. The different scale was used because it was 

suggested as one of the procedural remedies to reduce common method bias [99]. In ad-

dition, the service type is a binary variable, namely to-shop and to-home. As this study 

was conducted in China, all measurement items were translated into simplified Chinese 

following a back-translation approach [100]. A pre-test was conducted before the formal 

survey to ensure the research instrument worked well. 

4.3. Data Analysis 

Structural equation modeling (SEM) was used to test hypotheses in this study; it is a 

broadly adopted standard data analysis approach that allows researchers to model and 

estimate complex relationships among multiple variables simultaneously [98]. There are 

two types of SEM: partial least squares SEM (PLS-SEM) and covariance-based SEM (CB-
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SEM). This study used PLS-SEM for the following reasons [98]: (1) the research model was 

relatively complex and involved formatively measured constructs; (2) one of the research 

objectives is to explore theoretical extensions of established theories. In addition, PLS-

SEM has the following two characteristics. First, it is a nonparametric statistical approach 

and does not make any distributional assumptions [101]. The kurtosis and skewness of 

each variable in this study were between −2 and +2, respectively, which are generally con-

sidered acceptable [98]. Second, PLS-SEM performs well with small sample sizes. We used 

the power analysis approach [102] and the G*Power 3.1 software [103] to detect whether 

the sample size was appropriate for the data analysis. With a common power level of 0.80, 

a medium effect size of 0.15, a significance level (α) of 0.05, and 8 predictors, the required 

minimum sample size was calculated to be 109. 

We basically followed Hair et al.’s [98] guidelines to assess the measurement and 

structural models in the PLS-SEM. We also used the measurement invariance of the com-

posite models approach (MICOM) proposed by Henseler et al. [104] to test the measure-

ment invariance, which is a prerequisite to performing a permutation-based multigroup 

analysis [98,105]. Specifically, we primarily adopted SmartPLS 3.3.9 software to analyze 

the data [98,106], and all default settings were left unless otherwise specified.  

5. Results 

5.1. Common Method Bias 

Ali et al. [107] argued that common method bias should not be a severe issue in PLS-

SEM applications. However, given that the type of measurement was not objectively ver-

ifiable and that the data collection had no time lag [108], this study adopted the full col-

linearity method [109] to detect the potential common method bias. This method provides 

a more stable result and is arguably more advanced than traditional post hoc analyses 

[110]. According to Kock [110], it can be concluded that a model is not contaminated by 

common method bias if the variance inflation factor (VIF) values of all latent variables are 

below the threshold value of 3.33. As shown in Table 3, the full collinearity assessment 

yielded VIFs between 1.074 and 1.881 when a dummy variable was regressed on all latent 

variables, indicating no cause for concern regarding common method bias. 

Table 3. Results of full collinearity assessment. 

Variable PE SI OFC HM PV HA CO PR CI 

Inner VIF 1.702 1.262 1.418 1.310 1.346 1.881 1.686 1.074 1.542 

5.2. Measurement Models 

The reliability and validity of measures were considered to assess the reflective 

→measurement model. The first step was to evaluate the indicator reliability, examining 

each indicator’s outer loading, which should be higher than 0.70 [98]. Next, three criteria 

were used to assess the internal consistency reliability: Cronbach’s alpha, reliability coef-

ficient (Rho_A), and composite reliability (CR). The Rho_A usually lies between alpha and 

CR and is hence regarded as a good representation of a construct’s internal consistency 

reliability, which should be higher than 0.70 but not higher than 0.95 [98,111]. The relia-

bility assessment results are shown in Table 4, indicating the good reliability of all reflec-

tive measures. 

Table 4. Reliability of reflective measures. 

Construct Item 
Indicator Reliability Internal Consistency Reliability 

Loading Alpha Rho_A CR 

PE 

PE1 0.867 

0.881 0.881 0.918 PE2 0.834 

PE3 0.845 
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PE4 0.886 

SI 

SI1 0.841 

0.791 0.798 0.877 SI2 0.829 

SI3 0.846 

OFC 

OFC1 0.835 

0.819 0.823 0.881 
OFC2 0.833 

OFC3 0.809 

OFC4 0.742 

HM 

HM1 0.871 

0.872 0.872 0.922 HM2 0.905 

HM3 0.902 

PV 

PV1 0.895 

8.855 0.858 0.912 PV2 0.886 

PV3 0.860 

HA 

HA1 0.899 

0.883 0.885 0.920 
HA2 0.792 

HA3 0.895 

HA4 0.855 

CI 

CI1 0.912 

0.903 0.903 0.939 CI2 0.929 

CI3 0.904 

Regarding validity, the average variance extracted (AVE) was applied to examine the 

convergent validity, which should be higher than 0.50 [98]. Finally, the heterotrait–mono-

trait ratio (HTMT) proposed by Henseler et al. [112] was used to assess the discriminant 

validity accurately. The threshold values of the HTMT ratio are 0.90 and 0.85 for concep-

tually similar and different constructs, respectively. [112]. In this study, habit (HA) was 

measured using a perception-based approach in line with Venkatesh et al. [67] and was 

regarded as conceptually similar to continued intention (CI) in that they are both beliefs 

about the use of O2O services. Consequently, the threshold value for the HTMT ratio be-

tween habit and intention was assumed to be 0.90, while the rest was set to 0.85. Research-

ers should also apply a procedure called bootstrapping to test whether the HTMT ratios 

are significantly different from the threshold value [98]. Table 5 displays the results of the 

validity assessment, confirming the establishment of measures’ validity. 

Table 5. Convergent and discriminant validity of reflective measures. 

Construct 
Convergent Validity Discriminant Validity * 

AVE PE SI OFC HM PV HA 

PE 0.737       

SI 0.704 0.441      

OFC 0.649 0.446 0.391     

HM 0.797 0.477 0.299 0.405    

PV 0.775 0.452 0.361 0.422 0.365   

HA 0.742 0.609 0.463 0.597 0.493 0.473  

CI 0.838 0.810 0.491 0.683 0.593 0.566 0.847 

* The lower left triangle contains HTMT ratios, all of which were significantly lower than the thresh-

old value (bootstrapping settings:10,000 subsamples, percentile bootstrap method, one-tailed test, α 

= 0.05). 

The assessment of the formative measurement model is different from that of the 

reflective measurement model. First, all sets of indicators were synthesized from the ex-

isting literature, and hence the content validity was considered to be acceptable. Second, 
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the redundancy analysis was used to assess the convergent validity of formative meas-

urement models [113]. Specifically, the formatively measured construct was used as an 

exogenous variable to predict an endogenous single-item variable (i.e., the global item). 

The path coefficient linking the two constructs should be 0.70 or higher [98]. Next, indica-

tors’ VIF values were employed to examine collinearity issues, each of which should ide-

ally be lower than 3.00 but certainly lower than 5.00 [98]. The final step was to assess the 

formative indicators’ significance and relevance. Each indicator’s outer weight and outer 

loading were examined, and their significance was tested using the bootstrapping proce-

dure. The results of all assessments are shown in Table 6, suggesting that formative 

measures exhibited satisfactory levels of quality. 

Table 6. Assessment of formative measurement models. 

Construct Item 
Convergent Validity Collinearity Indicator’s Significance and Relevance 

Redundancy Analysis Outer VIF Weight Loading Significance * 

CO 

CO1 

0.830 

1.387 0.359 0.749 Yes 

CO2 1.345 0.438 0.769 Yes 

CO3 1.171 0.511 0.770 Yes 

PR 

PR1 

0.789 

1.366 0.260 0.686 Yes 

PR2 1.780 0.320 0.757 Yes 

PR3 1.713 0.287 0.739 Yes 

PR4 1.146 0.310 0.601 Yes 

PR5 1.163 0.300 0.605 Yes 

* Bootstrapping settings: 10,000 subsamples, percentile bootstrap method, two-tailed test, α = 0.05. 

5.3. Measurement Invariance 

We can be confident that group differences in model estimates were not due to the 

distinctive meaning and/or content of latent variables across groups by establishing meas-

urement invariance, which can be assessed using the MICOM procedure. According to 

Henseler et al. [104], this procedure involves testing the configural invariance, composi-

tional invariance, and equality of composite mean values and variances. First, in this 

study, identical indicators, data treatment, and algorithm settings per measurement 

model were used for both groups, indicating that configural invariance was established. 

Second, when the composite scores are the same across the groups, the compositional in-

variance is established. A statistical test in the MICOM procedure called permutation was 

applied to assess whether the composite scores differed significantly across the groups. 

When the configural and compositional invariance of all latent variables are established, 

partial measurement invariance is confirmed, which permits multigroup analysis, namely 

comparing the path coefficient estimates across the groups [98]. 

Once compositional invariance is confirmed, the final step in the MICOM is to assess 

the equality of mean values and variances. Similar to the second step, the permutation test 

was used to assess whether the composite scores differed across the groups in terms of 

their means and variances. When the full measurement invariance is established, pooled 

data analysis is allowed [98]. Table 7 shows the assessment results of measurement invar-

iance for the current study, supporting the establishment of full measurement invariance. 

Accordingly, the following sections assessed the structural model using the pooled data 

and performed a multigroup analysis. 
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Table 7. Assessment of measurement invariance (to-shop versus to-home). 

Model 
Configural 

Invariance 

Compositional Invariance Equality of Composite Means and Variances 

c 

Value 

p 

Value 
Result 

Mean 

Difference 

p 

Value 
Result 

Variance 

Difference 

p 

Value 
Result 

PE Established 1.000 0.655 Established 0.044 0.626 Equal −0.024 0.823 Equal 

SI Established 0.998 0.391 Established 0.133 0.140 Equal −0.028 0.769 Equal 

OFC Established 0.999 0.521 Established 0.088 0.324 Equal −0.098 0.394 Equal 

HM Established 1.000 0.930 Established 0.166 0.065 Equal 0.108 0.279 Equal 

PV Established 1.000 0.875 Established 0.135 0.128 Equal −0.082 0.412 Equal 

HA Established 1.000 0.831 Established −0.125 0.169 Equal 0.081 0.423 Equal 

CO Established 0.995 0.497 Established 0.046 0.623 Equal 0.062 0.549 Equal 

PR Established 0.982 0.624 Established −0.095 0.288 Equal 0.015 0.889 Equal 

CI Established 1.000 0.961 Established 0.014 0.866 Equal −0.016 0.887 Equal 

Permutation settings: 5000 permutations, two-tailed test, α = 0.05. 

5.4. Structural Model 

To evaluate the structural model results, this study mainly assessed the collinearity 

issues, significance of path coefficients, and explanatory power. Table 8 presents an over-

view of the above evaluation results. First, all inner VIF values were less than 3.00, indi-

cating that the collinearity had no substantial effect on the model estimates [98]. Next, the 

bootstrapping procedure was applied to assess the significance of path coefficients. As 

can be seen from Table 8, the path coefficients for all paths except SI→CI were significant. 

Regarding the assessment of exploratory power, the most commonly used measure is to 

examine the coefficient of determination (R2) value, which represents a measure of in-

sample predictive power [114,115]. According to general guidelines, the R2 value of 0.75 

can be considered substantial [101]. However, the R2 value increases with the number of 

predictors; therefore, it should be interpreted based on the related studies and models of 

similar complexity [98]. Compared to previous studies [16,67,80,116], the R2 value (0.798) 

of CI in this study indicated an adequate exploratory power. 

Table 8. PLS path analysis results. 

Path Hypothesis 
Inner 

VIF 

Path 

Coefficient 

95% Percentile  

Confidence Interval 

p 

Value 
Result ƒ2 R2 

PE→CI H1 2.153 0.224 [0.168, 0.276] 0.000 * Supported 0.115 

0.798 

SI→CI H2 1.274 0.014 [−0.022, 0.050] 0.261  Not supported 0.001 

OFC→CI H3 1.466 0.158 [0.112, 0.205] 0.000 * Supported 0.084 

HM→CI H4 1.373 0.089 [0.048, 0.129] 0.000 * Supported 0.029 

PV→CI H5 1.344 0.087 [0.050, 0.124] 0.000 * Supported 0.028 

HA→CI H6 1.906 0.321 [0.265, 0.373] 0.000 * Supported 0.267 

CO→CI H7 2.367 0.210 [0.155, 0.269] 0.000 * Supported 0.092 

PR→CI H8 1.829 −0.084 [−0.134, −0.042] 0.001 * Supported 0.019 

Bootstrapping settings: 10,000 subsamples, percentile bootstrap method, one-tailed test, α = 0.05. * 

Significant at the given α. 

Following Hair et al. [98], this study also evaluated the model’s predictive power 

[117,118] using the PLS_predict procedure proposed by Shmueli et al. [119]. Specifically, 

drawing on Shmueli et al. [120], this study selected a key target construct, i.e., continued 

intention (CI), to assess the predictive power of the structural model. The root mean 

square error (RMSE) was chosen as a prediction statistic. A smaller divergence between 

the actual and predicted values (i.e., a lower RMSE) suggests a higher predictive power. 

As shown in Table 9, all three indicators’ Q2_predict values were larger than zero, indicat-

ing that the PLS path model outperforms most naive benchmarks. Furthermore, all 
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indicators in the PLS-SEM analysis have lower RMSE values compared with the naive 

linear regression model (LM) benchmark. Accordingly, the structural model of the present 

study has a high predictive power, as the PLS-SEM analysis outperforms the naive LM 

benchmark model for all CI indicators. 

Table 9. Assessment of predictive power focusing on continued intention (CI). 

Indicator Q2_Predict RMSE_PLS RMSE_LM RMSE_PLS—RMSE_LM 

CI 1 0.660 0.700 0.716 −0.016 

CI 2 0.656 0.790 0.817 −0.027 

CI 3 0.665 0.786 0.802 −0.016 

5.5. Multigroup Analysis 

According to Section 5.3, the multigroup analysis was applicable in the current study. 

First, the group-specific sample sizes fulfilled the minimum sample size requirement for 

data analysis. Next, since the sample of this study was set to only two groups and the 

sample size of each group was not much different, a nonparametric approach called the 

permutation test was used to perform the multigroup analysis in the context of PLS-SEM 

[105]. Finally, the multigroup analysis results between to-shop and to-home regarding the 

path coefficients are shown in Table 10. 

Table 10. Multigroup analysis for path coefficients (PC). 

Path Hypothesis 
①PC 

(to-Shop) 

②PC 

(to-Home) 

PC Difference 

(① − ②) 

p  

Value 

95% Percentile  

Confidence Interval 
Result 

OFC→CI H9 a 0.133 0.176 −0.043 0.460 [−0.113, 0.111] Not supported 

HM→CI H9 b 0.148 0.041 0.107 0.033 * [−0.099, 0.098] Supported 

PV→CI H9 c 0.154 0.050 0.105 0.025 * [−0.089, 0.091] Supported 

PR→CI H9 d −0.036 −0.156 0.120 0.032 * [−0.114, 0.105] Supported 

Permutation settings: 5000 permutations, two-tailed test, and α = 0.05. * Significant at the given α. 

6. Discussion 

Previous studies have identified different factors influencing consumers’ adoption of 

O2O services. However, consumers’ O2O behavior has been loosely theorized as most 

previous studies were single-scenario, with food O2O being the most popular research 

context [10]. Therefore, the present study proposed a model based on UTAUT2 and ECM 

to predict consumer behavior in a comprehensive O2O context. The evaluation results 

indicate that the research model has good exploratory and predictive power. This study 

found that performance expectancy, offline facilitating conditions, hedonic motivation, 

price value, habit, perceived risk, and confirmation significantly affected consumers’ con-

tinued intention to use O2O services, while the result for social influence was not signifi-

cant. We also observed differences between to-shop and to-home O2O consumers in terms 

of three influencing factors: hedonic motivation, price value, and perceived risk. 

6.1. Discussion of the Results 

Habit, performance expectancy, confirmation, and offline facilitating conditions are 

the main predictors of consumers’ continued intention to use O2O services. Consistent 

with the UTAUT2 literature [68,77,80], habit and performance expectancy were found to 

be the two strongest predictors in this study. Confirmation was revealed to affect the con-

sumers’ continued intention directly. This result is in line with the rationale of ECM be-

cause confirmation can be regarded as a proxy for satisfaction, which is an important an-

tecedent of continued intention [53,55,116]. Offline facilitating conditions are a UTAUT2-

derived construct adapted to the O2O context, and the result indicated that consumers 

with access to a set of favorable facilitating conditions, such as offline human support and 
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transportation infrastructure, are more likely to have a higher intention to continue using 

O2O services. The effect of offline facilitating conditions on behavioral intention is similar 

to the perceived behavioral control of TPB [69]. 

Surprisingly, the result for social influence was not significant. A possible explana-

tion for this might be that the expectations of experienced O2O consumers are based on 

their prior experience rather than the opinions of others (i.e., social influence). In the O2O 

context, the social factors influencing consumer behavior probably are other factors, such 

as social interaction [35] or social value [22,59,60] instead of social influence. Although 

many studies have found that social influence significantly affects behavioral intention, 

they reported the slightest path coefficients [77]. In fact, the significance of social influence 

in influencing users’ behavioral intention to use a particular technology varies across stud-

ies. Agarwal and Sahu [16] and Alalwan [80] also reported non-significant results for so-

cial influence. Thus, the result is acceptable. 

This study also compares the differences between to-shop and to-home O2O in terms 

of the factors influencing consumer behavior. The multigroup analysis results show that 

hedonic motivation, price value, and perceived risk worked differently between to-shop 

and to-home O2O consumers.  

First, the effect of hedonic motivation is more potent for to-shop consumers than for 

to-home consumers. Experienced consumers are likely to use technologies such as O2O 

food delivery applications more for convenience than seeking novelty. For to-home con-

sumers, the effect of hedonic motivation on technology use diminishes with increasing 

experience [67]. In contrast, the hedonic experience could occur when to-shop consumers 

consume in offline stores. Therefore, hedonic motivation should be used with caution as 

a predictor in the context of O2O services that focus on utilitarian aspects.  

Second, to-shop consumers are more price sensitive than to-home consumers. In fact, 

the early to-shop O2O was in the form of group-buying, wherein offline merchants at-

tracted consumers through online coupons and price discounts [8]. Conversely, while to-

home consumers still like to compare prices, they are less likely to discontinue using O2O 

services due to the price factor. This may be because to-home consumers often voluntarily 

pay a service fee in exchange for the convenience of to-door services, and such consumers 

may not care much about price changes.  

Third, the negative effect of perceived risk is more significant for to-home consumers 

than for to-shop consumers. One possible explanation is that consumers face more uncer-

tainty when shopping through to-home O2O and that to-home consumers cannot see the 

actual product until they receive it. In comparison, to-shop consumers research products 

or seek coupons online and then make purchases offline, which is similar to the phenom-

enon known as “webrooming.” Such an O2O business model based on offline experience 

can reduce consumers’ perceived risk [11] because they can decide whether to buy after 

the physical experience. 

However, offline facilitating conditions were not found to differ between to-shop and 

to-home O2O consumers in terms of their influence on continued intention. The non-sig-

nificant result may result from sampling aspects. First, O2O commerce is very popular in 

the selected city, and therefore offline facilitating conditions may have been generally im-

proved and satisfactory. Second, the use of a face-to-face survey led to a relative concen-

tration of specific locations for data collection, wherein respondents’ perceptions of offline 

facilitating conditions are likely to be convergent. These reasons from the sampling aspect 

may make the between-group difference not easily detected. 

6.2. Theoretical Contributions 

This study contributes to the theory in several ways. First, it theoretically adds value 

to the body of knowledge pertinent to O2O commerce by providing a universal model to 

understand consumer behavior and the differences between the two market segments, to-

shop and to-home. In this rapidly developing digital era, new O2O scenarios are con-

stantly emerging, and consumer behavior is becoming increasingly complex. However, 
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the essence of O2O services does not change, that is, the integration of online and offline 

channels. Therefore, it is of theoretical interest to study consumer behavior in the O2O 

context. This study provides a theoretical basis for consumers’ O2O behavior, expanding 

e-commerce theories from purely online to omnichannel retailing. The study also helps to 

understand the technology usage behavior and decision-making process of O2O consum-

ers. 

Second, this study extends the UTAUT2 from general technology usage to the O2O 

commerce context. According to Venkatesh et al.’s [70] suggestion, UTAUT2 was adapted 

as necessary to apply to the context of O2O services usage. In fact, most researchers re-

ferred to “new context” as one of the primary research motivations or contributions, 

which has become one of the critical theoretical lenses in the field of information technol-

ogy [70]. One of the main contributions regarding the research context is to contextualize 

the UTAUT2 with a new moderation mechanism (i.e., the differences between to-shop and 

to-home services). Another contribution is to refine current context effects (e.g., facilitating 

conditions and price value) and identify a new context effect (e.g., perceived risk). 

UTAUT2 was developed in the context of technology adoption; nevertheless, this paper 

provides empirical evidence for the extension of UTAUT2 in different contexts. 

Third, the study re-integrates two dominant information technology theories, 

UTAUT2 and ECM, whose tenets have been quite different to date. Specifically, the con-

firmation construct of ECM was integrated into the UTAUT2-based model as a direct pre-

dictor of consumers’ continued intention to use O2O services. More importantly, ECM 

explained and supported the application of UTAUT2 in the context of information system 

continuance. Such integration is regarded as a vital contribution and way to advancing 

science. 

6.3. Practical Contributions 

When new players enter the O2O market, they may not know whether various pre-

vious theories or business cases will work for them. Given this, the present study can pro-

vide a general framework to help them understand O2O commerce and develop business 

plans in this way. Specifically, apart from widely considered factors such as perceived 

usefulness (i.e., performance expectancy) and price, O2O businesses should consider of-

fline facilitating conditions when developing their business plans because O2O commerce 

is a location-based business model. For example, they can add more offline service facili-

ties and personnel to improve consumers’ perceived offline facilitating conditions, which 

is expected to increase consumers’ intention to use O2O services. In addition, habit as one 

of the important predictors deserves to be considered. To ensure the sustainability of their 

business, managers should focus on what fosters or disrupts consumers’ habits. For in-

stance, increasing consumers’ online engagement may contribute to habit formation. 

For marketers of omnichannel retailing and designers of O2O platforms, this study 

offers valuable insights into understanding consumer behavior and helps them to develop 

strategies to maintain their existing customers. For example, the results of this study show 

that confirmation has a more substantial effect on O2O consumers’ continued intention 

than price value. Price strategies do not always encourage consumers to continue using 

O2O services. Instead, O2O merchants should provide truthful, comprehensive, and val-

uable online content to avoid consumers forming overly high expectations. Meanwhile, 

they should ensure the quality of their products and services to avoid consumers’ discon-

firmation. 

Furthermore, although an O2O platform (i.e., O2O application) usually involves both 

to-shop and to-home services in the industry practice, the current study findings suggest 

that the behavioral patterns of to-shop and to-home O2O consumers may be different. For 

this reason, it is recommended that marketers develop different marketing strategies for 

these two types of O2O consumers. In addition, designers should purposely design dif-

ferent sub-platforms and business processes to improve the consumer experience.  
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6.4. Limitations and Future Research Directions 

Several limitations need to be noted regarding the present study, which could be 

considered as directions for further research. First, this study focused on theoretical gen-

eralization rather than sampling generalization and hence collected data from only one 

typical city. In addition, the study was conducted in a China context, and the findings 

may not apply to other country contexts. Thus, further research could use a geograph-

ically broader sample to test theories. It would also be interesting to conduct a cross-coun-

try investigation. Second, consumers’ use intention toward online services may not imply 

the actual purchase. Therefore, further work is recommended to investigate the actual 

purchasing behavior of O2O service users. Third, the grouping of O2O consumers was 

based on the self-report measure. Some consumers may use both to-shop and to-home 

services and may have difficulty determining which one they prefer. Accordingly, future 

research could use behavioral measures to identify to-shop and to-home consumers. 

Fourth, the self-developed first-order formative scales may not quite effectively measure 

complex and multidimensional constructs. Future research is therefore encouraged to 

adopt higher-order models to measure the constructs of confirmation and perceived risk.  

7. Conclusions 

The aim of the present study was to develop a universal model to predict consumers’ 

continued intention to use O2O services and to compare the differences between to-shop 

and to-home O2O regarding consumer behavior. This study adapted and integrated 

UTAUT2, ECM, and a contextual factor perceived risk to conceptualize consumers’ O2O 

service continued intention. The results show that the research model has good explana-

tory and predictive powers, with the habit, performance expectancy, confirmation, and 

offline facilitating conditions being the primary predictors. However, social influence was 

found to have no significant effect on consumers’ behavioral intention in the O2O contin-

uance context. This study is probably the first attempt to examine the differences between 

consumer behaviors in the to-shop and to-home O2O market segments. The multigroup 

analysis results demonstrate that to-shop and to-home O2O consumers differ in terms of 

hedonic motivation, price value, and perceived risk that influence their continued use in-

tention of O2O services. Overall, the study provided beneficial insight into theory devel-

opment and industry practice of O2O commerce. 
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Appendix A 

Formative measurement items of constructs. 

Perceived Risk (developed by the authors drawing on Featherman and Pavlou [78]) 

PR1 O2O merchants have the potential to deceive me about the performance 

of products and services. 

PR2 Using O2O services can potentially lead to a waste of money. 
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PR3 Using O2O services can potentially lead to time loss. 

PR4 I worry that I will be very frustrated by not achieving the expected re-

sults from O2O services. 

PR5 I worry that using O2O services will lead to privacy information theft. 

PR_global Using O2O services exposes me to an overall risk. 

 

Confirmation (developed by the authors drawing on Bhattacherjee [53]) 

CO1 O2O product quality is better than what I expected. 

CO2 O2O service quality is better than what I expected. 

CO3 Online content on O2O platforms is more valuable than what I expected. 

CO_global Overall, most of my expectations from using O2O services are confirmed. 
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